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Abstract

A unique natural experiment involving a coffee pruning technology is used to study social learning. The yield effects of pruning take two years to
appear, a characteristic that aids in identifying social learning apart from correlated unobservable variables that are a concern in the social learning
and technology adoption literature. Panel data are employed that start with a private initiative which introduced systematic pruning in central Peru
and that contain the population of participating growers. Results show a jump of at least 0.15 in the probability of adoption two years after the first

pruning in a grower’s group.
JEL classifications: D83; Q12
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1. Introduction

Studies have explored how learning from others can affect
choices about technology, especially in agriculture. Besley and
Case (1994) and Foster and Rosenzweig (1995) study the adop-
tion of high yielding seed varieties in India. For both, social
learning occurs when the behavior of neighbors (e.g., area
planted in a new seed variety) informs a farmer’s belief about
the profitability of new seeds, which contrasts with individual
learning where a farmer’s past experience informs his current
decisions. Munshi (2004) shows how farmers may learn less
from their neighbors if the performance of the technology de-
pends on unobserved characteristics of the neighbors. Bandiera
and Rasul (2006) and Maertens (2009) add to the literature
by relating the behavior of farmers with the behavior of peers
that the farmers themselves identify. More recently, Conley and
Udry (2010) find that farmers change their fertilizer use in re-
sponse to the input levels used by information neighbors who
achieved better than expected results in previous periods.
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Identifying social learning, however, is challenging. As
Manski (1993) highlights, an individual’s behavior may be
correlated with the average behavior of the group because
individuals face a similar environment (contextual effects)
or have similar exogenous characteristics (correlated effects).
Furthermore, serially correlated unobservable variables could
induce correlation between an individual’s current behavior
and the past behavior of neighbors. Finding a correlation
between group adoption and individual adoption, contempo-
raneous or not, may therefore have little to do with social
learning.

This article uses a natural experiment that provides a unique
opportunity for identifying social learning. The coffee trading
company, Volcafe, and the Italian coffee roaster, Lavazza, fi-
nanced a project to work with small scale growers in central
Peru.! The project’s technical advisor came from Costa Rica
and introduced a pruning practice not used in Peru at the time.
The dynamic and observable effects of pruning make for a
fruitful case study of social learning—seeing a recently pruned
plant provides no direct information about the effects of prun-
ing on yields; seeing a plant pruned two years ago is in most
cases conclusive. The revelation of information implies a dis-
crete increase in adoption at a certain time if social learning is
important. The jump in adoption, not expected in the absence
of social learning, is consistent with the finding of Brock and

! For an overview of the project, visit http://www.lavazza.com/corporate/en/
company/socialreponsability/Il_progetto/
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Durlauf (2010) that under relatively weak assumptions social
interactions can produce discontinuities in adoption curves that
would not occur in their absence. Furthermore, unless a grower
is the first to prune in his peer group, individual learning pro-
vides little incentive to prune since a grower’s own recently
pruned plants provide far less information than a neighbor’s
plants that have fully recovered—a characteristic of pruning
that aids in identifying social learning apart from individual
learning.

My empirical analysis uses a unique panel data set. While
only three geographically isolated groups are observed, the data
set includes the population of growers that participated in the
project and covers six years starting when project extension
agents first introduced systematic pruning. Furthermore, the
rollout of the project from one group to another provides an
exogenous variation in the timing of the first prune in the group,
which aids in separating the effect of revealed information from
the first pruned coffee plants from year-specific shocks. All
estimation approaches based on the timing of the first prune in a
group reveal a clear pattern: there is a decrease in adoption from
the initial year, when at least one person in the group prunes
(Year 0), to the following year (Year 1). Butin the following year
(Year 2), a discrete increase in adoption occurs, which is not
seen from Year 2 to Year 3. In contrast, an alternative model of
social learning based on accumulated group experience, which
is popular in the literature but ignores the delayed recovery of
pruned plants, fails to provide evidence of social learning.

2. Pruning in central Peru: A natural experiment for
studying social learning

Lavazza and Volcafe financed a project to help growers in
the department of Junin, Peru improve the sustainability of their
coffee farms. I refer to this privately funded sustainability initia-
tive as ‘the project’. Growers initially learned about the project
through public meetings that outlined activities and goals. The
project started working in one district in 2005 and then ex-
panded to two more districts in 2006 and 2007 (the first three
largest territorial divisions in Peru are department, province,
and district). In total the project, which formally ended in
2009, had 315 participating growers distributed across the three
districts.

The project had two core components: improve the social and
environmental conditions of coffee growing households using
Rainforest Alliance’s Sustainable Coffee program and increase
the profitability of their farms through better practices. The
key strategy for increasing profitability was to increase yields
through systematic pruning. Coffee plants reach peak produc-
tion around five years of age after which yields can decline,
though how much depends on the management of the plant
(fertilizer use, pest management, etc.). According to research
by the Colombian National Center for Coffee Research, prun-
ing can cause older plants (at least five years old) to produce

quantities on par with plants in their first years of production,
thus delaying the decline in yields associated with aging plants.
Research recommends pruning trees once every three to five
years until they reach 20 years, after which growers should
replace them with new plants.?

Systematic pruning involves annually cutting a share of cof-
fee plants to about a meter in height; for example, cutting all
plants in every third row. The recommended time to prune is
immediately following the harvest. A plant pruned after the
harvest in Year 0 produces nothing in Year 1 but returns to pro-
duction in Year 2. Aside from inferences based on the actions of
others, nothing can be learned by observing a recently pruned
plant. In Year 1, the plant starts to recover, with an increase in
its foliage, which indicates that pruning does not kill the plant
but little else. In Year 2, the plant produces much more than it
did prior to pruning. Even without observing yields, the thick
foliage of a plant pruned two years ago is a strong signal that
pruning improves plant vitality.

While variations of systematic pruning are common in Costa
Rica and Colombia, two countries with well developed coffee
sectors, the practice was not used in Peru prior to 2005. There,
the conventional method has been selective pruning, where a
grower annually selects and cuts a few branches of each plant,
but does not cut it down to a much smaller size. Growers ini-
tially viewed systematic pruning (here after ‘pruning’) with
skepticism,? in part because the practice was introduced from
the outside by a coffee expert from Costa Rica. In time, skepti-
cism has abated as evidenced by the cumulative adoption rate in
Fig. 1, and the practice has become part of a national plan to im-
prove yields (Junta Nacional del Café—Peru, 2011; Agrobanco,
2011).

The crop and context make for a policy-relevant study of so-
cial learning, especially from an international rural development
perspective. Coffee is a perennial crop that requires substantial
upfront investment for returns that take several years to materi-
alize. And although coffee growing households in Latin Amer-
ica are generally not the poorest of the rural poor, the project
targeted lower-income smallholders (three or four hectares of
coffee in addition to small plots of bananas and avocados),
who would be particularly risk adverse, especially concerning
management of their main cash-generating asset, coffee plants.
Consequently, finding that information revealed by neighbors’
actions can cause growers to start cutting their plants in half
would attest to the power of seeing neighbors succeed with a
technology.

I argue that the exogenous introduction of the technology
combined with its distinct pattern of revelation of information
provides a unique opportunity to identify social learning under

2 See recommendations by Centro Nacional de Investigaciones de Café,
www.cenicafe.org, in their page “Sistemas de Produccion” and Avance
Tecnico 0215.

3 One grower commented that initially he preferred to hire someone to prune
his trees since he could not bring himself to cut them. Another grower’s wife
threatened to divorce him if he pruned their plants.
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a weak assumption about correlated unobservable variables.
Much of the social learning and technology adoption literature
struggles to separate the effect of average group choices on indi-
vidual behavior (an endogenous social effect) from the effect of
unobservable variables operating at the group level. As Conley
and Udry (2010) state, “correlated unobservables are a general
problem in the literature on agrarian technology.”

Two empirical approaches dominate the literature. One ap-
proach relates lagged village aggregates like acreage planted
or average yields to the adoption decisions of an individ-
ual farmer in the village (Foster and Rosenzweig, 1995;
Munshi, 2004; Moser and Barrett, 2006). A challenge of this
literature is dealing with serially correlated unobservable vari-
ables that would lead to correlation between lagged aggregate
measures and individual behavior. The other approach identi-
fies an individual’s reference group and links information from
the reference group to the individual’s behavior (Bandiera and
Rasul, 2006; Maertens, 2009; Conley and Udry, 2010).

My empirical strategy is slightly different from the literature
that links past group behavior to individual decisions. What
matters here is when someone in the group started pruning, not
the group’s accumulated experience. As suggested above, if so-
cial learning is important, the initial pruning in the group will
have a positive effect on adoption two years later, but little or
no effect in the intervening year. This approach to identifying
social learning rests on assuming that correlated unobservable
variables did not induce this unique adoption pattern. To illus-
trate the potential issue with correlated unobservable variables,
Conley and Udry posit an example where neighboring farmers
i and j each use a low level of fertilizer at time t. At t+3, farmer
J experiences a positive weather shock and uses a high level
of fertilizer. Because of positive spatial and serial dependence,
farmer i is also likely to experience a positive shock at, say,
t + 8, and use a higher level of fertilizer. Thus, what looks like
farmer 7 learning from farmer j’s innovation is really a product
of a correlated unobservable variable. For pruning, the shock
that contributes to the initial adoption in the group would have
to disappear in the following year but then reappear to some
degree two years later when growers can observe the effects of
pruning.

To be conceptually clear on identification, social learning is
a complex phenomenon that researchers outside of economics
have studied in detail for some time (Miller and Dollard, 1941).
Recent economic work recognizes many aspects of the diffu-
sion of private information, perhaps involving strategic inter-
actions and multiple signals (words, actions, effects of actions)
(Chamely, 2004). I claim to identify only one form of learning
where a grower learns about the profitability of a new technol-
ogy by observing the fruit of his neighbors’ prior actions. A
grower may come to knowledge of pruning through conversa-
tion, local newspapers, or town meetings, but only first-hand
observation of the effects of pruning are likely to induce adop-
tion. Claims of the effectiveness of pruning become credible
when verifiable evidence—a pruned plant with thick foliage or
a bountiful harvest—support them.

3. Conceptual framework

Project extension agents recommended that growers annually
prune a third of their farm. While there was no formal incen-
tive (or disincentive) to follow the recommendation, growers
seemed to have interpreted their options as pruning a con-
siderable section each year (i.e., more than a few plants) or
not pruning. I keep the conceptual model general by treating
pruning as a continuous variable—the share of the farm that a
grower prunes. The decision involves dynamic considerations
since there is lag between adoption decisions and outcomes.
Pruning occurs after the harvest and therefore does not affect
output in that year. Furthermore, the perennial nature of coffee
plants implies that pruning just once will affect production well
into the future.

I limit the time horizon so that the grower does not prune the
same plant twice fromt = 0. . .T. Thus, [ assume that at some t >
T, the grower decides to prune the first section again or replace
it with new plants. The variable a;, is the share of plants that a
grower prunes at time ¢ and ranges from 0 to 1, inclusive. Output
is given by the production function F;(.) and is a function of
the area pruned in each previous period a;;—o.,—1, inputs Xj,
and a random variable u;,. (Upper case letters represent vectors;
lower case letters represent scalars). The production function is
grower specific and captures soil quality, elevation, and other
relatively fixed factors that determine the productive capacity of
a stand of plants. The random variable (u;,) reflects uncertainty
over the effect of pruning on output and is the object of learning.
Grower i at time 0 < ¢ < T earns a profit IT; of

iy = pet Fi @iz=o0..0-15 Xit, ir) — Put Xis, (nH

where p.; is the price of coffee and P, is a vector of input
prices.

Assuming a time separable utility function U that allows
for general risk preferences, the grower maximizes the present
value of utility from a discrete series of profits over a finite hori-
zon. In each period the grower uses the available information to
decide what to do; E; represents the grower’s subjective expec-
tations at time t and can be informed by his own actions (indi-
vidual learning) or by information from others (social learning).
With § representing the discount rate, the objective function at
time t is

T
> S8'E (UM (). @
t=0

Because pruned plants yield nothing in the first year and
rural credit markets are imperfect, the grower faces a borrowing
constraint IT;,(a;;—1) > B(W;,) where W, reflects a household’s
liquidity needs and wealth.

The time-frame T is chosen to be small enough that the grower
would not want to prune the same plants twice prior to 7. Thus,
if a grower has not pruned before 7, future pruning decisions are
restricted such that

a1 < 1 —a. 3)
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The restriction in (3) simply means that if a grower started
pruning in ¢ by pruning a third of his plants, then in the following
year he will at most prune the remaining two-thirds.

Growers in the same group initially receive the same infor-
mation about pruning from project extension agents, though in-
dividual growers may weigh the information differently which
could explain why not all growers start pruning at the same
time. The information provided from individual experiments
with pruning could motivate the first adopters. My focus, how-
ever, is not when pruning started in a group, but the adoption
pattern that followed.

Given an initial assessment of information from extension
agents, the grower’s expectation about the random variable p;
will evolve as information accumulates through individual or
social learning. Because a plant pruned earlier provides more
information than a plant pruned more recently, the years since a
plant was pruned shapes the grower’s information set. To allow
for different effects of observing one’s own pruned plants and
observing a neighbor’s plants, let y;, be the years since grower
i started pruning and y;, be the years since the first prune in
grower i’s group. The y variables have an initial value of zero
and evolve in the following manner:

vi+1 ifa, > 0forsomet <t

] = (4a)
Vit 0 otherwise

Vi +1 if aj; > 0 for some j € group(i)

Virer = and 7 <t . @b)

0 otherwise

Let  be a generic function relating variables reflecting the
age of oldest prune to the random variable w;, that reflects
uncertainty about pruning.

wie = Iir, Vie)- )

In the year of the first prune in the group, the value of 1(y;; =
0,7;; = 0) reflects the grower’s assessment of information
from extension agents and any inferences from observing the
decisions of neighbors. In the following year, relatively little
can be learned about the effects of pruning by observing a
plant pruned a year ago. In a Bayesian framework, the grower
would update his prior belief informed by extension agents
and inferences from observing neighbors with the signal sent
by observing a one-year prune. A plant pruned two years ago,
however, provides credible information on the effect of pruning.

Suppressing the notation for prices, I incorporate Egs. (1) to
(5) into Bellman’s equation that expresses the value function Z
at time ¢ as a function of y;, and y;,.

(U (I @iz=o0....15 Xit» Yirs 'y?:)) +>
t

Z'r()"r,y'z) = max E ~
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s.t. I (aj—1) > B(Wip). ©)

The state variables are the area previously pruned, which
specifies the area still available to be pruned as shown by
Eq. (3), and the information available based on the oldest prune
of grower i and grower i’s group, I(yi;, ¥i;). The control vari-
ables chosen in the current period are the area to be pruned (a;,)
and input use (X;;). The generic function g relates the state and
control variables in the current period to next period’s value
function.

If no one in the group has pruned before, the grower’s cur-
rent pruning decision will affect future pruning decisions by
increasing knowledge of 1, which is implicit in g. If the grower
has pruned before, knowledge about p increases mechanically
as previously pruned plants recover (captured by y;;). If some-
one in the group has pruned previously, knowledge about u
increases in a similar manner (captured by 3;,).

The grower will prune in the current period if next period’s
value function from pruning exceeds that from not pruning:

‘/il-‘y-l(ailv ) - ‘/it+1(07 ) > 0’ (7)

where V;,1(a;;, .) is the conditional value function defined as

Vier1(@ie, ) = max Eeyy (U (Iirg1 () 4 8Zir42() ®)

4. Data and descriptive statistics

The project started in two communities in district 1 in 2005
and then expanded within the district and to another district in
2006. In 2007, it expanded to another district. At the smallest
geographical level, the project worked with local growers as-
sociations, and while it is possible to use the association as a
grower’s relevant reference group, responses to a 2010 survey
question concerning visits to early adopters and conversations
with key informants revealed that some growers visited farms
of growers from nearby associations to observe the effects of
pruning. Unmeasured spillovers of information from one dis-
trict into another could be captured by treating the entire project
as one group and testing if the temporal pattern of adoption was
consistent with the distinct pattern of revelation of informa-
tion from a recovering pruned plant. Doing so, however, would
preclude separating discontinuities in temporal adoption pat-
terns introduced by social learning from year-specific shocks
affecting adoption. To limit information spillovers but to have
temporal variation in the start of the first prune in a group,
I organize growers by district, which are geographically iso-
lated from each other given the region’s few roads. The main
town of each district is about an hour and a half drive (in good
conditions) from the main town of the other two districts.

I use information collected by project extension agents over
the course of the project and from a survey conducted in 2010
by hired enumerators. Information collected by the project in-
cludes a registry of pruned area for each grower, yield informa-
tion, and a baseline survey with basic household information



J.G. Weber/Agricultural Economics 43 (2012) supplement 73—-84 77

like the number and age of household members and a break-
down of land holdings. There are good reasons to believe that
the extension agents collected reliable information. The agents
were in some cases coffee growers themselves (though not
project participants) and were familiar with the agronomy, lo-
cal terminology, and basic economics of coffee growing in the
region. Perhaps more importantly, agents collected the baseline
data knowing that external inspectors (e.g., for the Rainforest
Alliance certification) would check some of the information.
For example, extension agents had to walk the perimeter of a
grower’s farm and draw a croquis indicating land use (coffee,
forest, other crop land) and area (number of hectares). The in-
spector would later verify the information on randomly selected
farms.

I coordinated the 2010 survey using hired enumerators, some
of whom had previously worked for the project. The survey oc-
curred after the harvest in 2010 (August and September) and
asked growers about the 2010 season in detail and for basic
production and pruning information from 2006 to 2009 in ad-
dition to socio-economic variables and information on visits
to the parcels of early adopters. Enumerators surveyed 236 of
the 315 growers who had initially participated in the project.
While some initial participants had died (4), refused to give
information (7) or had sold their land (11), the main reason ini-
tial participants were not surveyed was because the grower was
not at the farm at the time of the visit—after the harvest many
growers leave their farms to live and work elsewhere. Base-
line information for surveyed and nonsurveyed growers reveals
statistically similar group means for ten farm and household
variables. (Barham and Weber (2012) use the same survey data
and make the comparison in Appendix B of their article).

Information on pruning prior to 2009 comes from the pruning
registry maintained by the project. Because it is not recall data
and was carefully updated by project extension agents based
on repeated field visits, the pruning registry information is the
most reliable source of pruning information for growers while
they participated in the project. However, 116 growers left the
project after joining, creating gaps in the pruning registry. More
than half (65) were surveyed in 2010, and I use the responses
to fill the registry’s gaps.

Cases with pruning information from the registry and the
2010 survey permit assessing the reliability of recall data on
pruning. I calculate an indicator for whether a grower pruned in
a given year according to the survey and registry and measure
reliability as the percent of cases where the two indicators agree.
Reliability is high in 2006 and 2007 at 91 and 80% but it
decreases to 56% in 2008. Though confusing at first glance,
the declining reliability stems from greater pruning in 2007 and
2008 and the limited ability of growers to recall that they had
pruned in earlier years. In 2008, more than four-fifths of the
conflicting cases involved the survey indicating that the grower
had not pruned but the registry indicating that they did. Possible
underreporting in 2009, when only information from the 2010
survey is used, would cause a downward bias in estimation
of the social learning effect if the majority of growers gained

Table 1
A description of the sample (N = 315)
Median Mean SD Units
Coffee Land 3.0 4.2 4.2 Hectares
Forest Land 0.5 2.8 5.2 Hectares
Other Crop Land 0.0 0.7 1.7 Hectares
Total Land 5.0 7.7 7.4 Hectares
Gross Income — Other 340 1063 4822 US$
Crops?
Coffee Yield® 400 588 955 Kg/Ha
Elevation 1.4 1.4 0.1 Thousands
of Meters
Labor (Hhld members 3.0 3.3 2.0 Number
ages 10-65)
Age of Household 43.0 45.2 12.9 Number
Head®

Source: project baseline survey; tabulations by author.

#Households often have banana or avocado growing among coffee plants, which
is why median Gross Income — Other Crops is positive but median Other Crop
Land is zero.

bYield is missing for two observations. Six observations lack the age of the
household head.

access to a two-year-old prune in 2009. But by 2009, 93%
of growers already had access to a two-year-old prune. Thus,
measurement error from recall data may soften the increase in
adoption for the later years but have little effect on the first three
years, which I am relying on for identifying social learning. It
is important to note that the key explanatory variable for the
empirical analysis, the timing of the first prune in the group, is
always based on nonrecall data.

Concerning the growers who left and were not surveyed in
2010, for 2006 to 2010 the number of grower-year observations
where it is unknown if the grower has ever pruned is 4, 21, 23,
49 and 49. I retain these growers and assume that they did not
prune. In the empirical section, I assess the robustness of the
results to this assumption.

Table 1 presents descriptive statistics for the variables from
the baseline survey conducted in most cases following the 2005
season. The sample consists of all 315 growers who initially
joined the project.* The baseline for Group 3 occurred in Jan-
uary of 2007 and corresponds to the 2006 growing year.

Participant farms range from 980 to 1750 meters in elevation.
Coffee is the mainstay of the economy in this agro-ecological
niche, and Junin consistently produces more coffee than any
other region in Peru. Unsurprisingly, coffee dominates house-
hold land portfolios—median coffee land is 60 of median total
land holdings. While coffee is the main source of income, many
households depend on banana and avocado for a ‘caja chica,” a
small but steady source of cash. Of the 228 farms that reported
noncoffee crop income, 197 had income from selling bananas.
Both banana and avocado are perennial crops that take time
to reach the production stage but then consistently yield fruit.

4 Two grower associations had a commercial relationship with the cooperative
formed by the project but are not included given their lack of participation in
project activities.
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Table 2
A description of the groups
Growers Year project Year of access Cumulative

participation to 2 year old adoption
began prune rate by 2010

Group 1 199 2005 2007 50%

Group 2 21 2006 2009 29%

Group 3 95 2007 2008* 58%

Source: Project records, pruning registry, and 2010 survey; tabulations by
author.

2The NGO implementing the project coordinated and financed a formal visit of
growers from Group 3 to early adopters in Group 1 after the pruning season in
2007. See text for details.

Because coffee pruning removes plants from production for
a year, one might expect household income diversification to
influence adoption decisions.

Fort and Ruben (2009) sampled growers in the same area
to study the impact of Fair Trade. Their sample included Fair
Trade, organic, and conventional growers and had similar sam-
ple averages for the age of the household head (45.5) and the
size of the household (4.7). The mean grower in my sample had
about 2 hectares less coffee than the mean grower in Fort and
Ruben and a third of a hectare more in other crops, though the
means are likely statistically indistinguishable given the large
standard deviations in Table 1.

Table 2 summarizes basic information about the three groups
(districts). Pruning first started in Group 1 (district 1) in 2005
while the first prune in Groups 2 and 3 was in 2007. Financ-
ing from the Peruvian government social development fund
FONCODES allowed the NGO implementing the project to co-
ordinate and fund field visits of growers in Group 3 to early
adopters in Group 1, which is why the year when Group 3 first
had access to a two-year-old prune was in 2008, not in 2009 as
the timing of the first prune in the group would suggest.

60

40

30

5. Pruning, yields, and visiting neighbors

A grower who starts systematic pruning in Year 0 could have
less production in Year 1 because a plant pruned after the harvest
in Year O produces nothing in Year 1, though it’s possible that
unpruned plants nearby produce more because more air and
light reach them. The project’s default recommendation was
for a grower to prune a share of the farm every year, which
implies that pruning occurs every year and, assuming a third of
the farm is pruned each time, that a plant is pruned once every
three years. If a grower follows the recommendation, the yield
for the entire farm (Kg/Ha) will increase in Year 2 because
plants pruned in Year O return to production, though the gains
are partially offset by the loss of plants pruned in Year 1. The
yield for the farm should be highest in Year 3 as plants pruned
in Years 0 and Year 1 will be in production—only those pruned
in Year 2 will not produce. Although the yield for the entire
farm will be the highest in Year 3, an observer can verify the
effects of pruning by looking at the plants pruned in Year O two
years later, which is why the uptick in adoption should occur
then and not in Year 3. Fig. 2 depicts the reported dynamics of

Yield ]
(kg'ha) Systematic Pruning [ ]
] Mo Pruning A
| |
0 1 2 3
Year

Note: The figure depicts the projected yields for pruning a third of all
plants every year beginning after the harvest of Year 0.

Fig. 2. Systematic pruning and yields.

Percent Pruning

10 //

o4 -

2005 2006 2007

2008 2009 2010

Year

Fig. 1. Cumulative percent of growers pruning (n = 315).
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systematic pruning supposing that a grower starts pruning after
the harvest in Year O and prunes a third of the farm each year.

Although Fig. 2 traces the dynamic effects of following
the project’s recommendation, in practice not every adopting
grower pruned every year following the initial adoption. Some
growers chose to prune all plants available for pruning in the
beginning year, leaving no plants to prune in the following year.
This occurred with several growers who had a parcel of very
young plants not ready to be pruned (less than five years old)
and a parcel with old plants that badly needed pruning. Bor-
rowing constraints provide another reason why not all adopting
growers followed the project’s recommendation to prune every
year. In the conceptual model, a grower’s profits in a given year
must meet the household’s liquidity needs. Changing circum-
stances may mean that a household that pruned last year forgoes
pruning in the current year to maximize production and income
in the short term.

Measuring the effect of pruning with nonexperimental data
is challenging, especially in the absence of plot-level data. For
a perennial crop like coffee, yields in one year reflect activi-
ties in previous years like fertilizing, controlling pests, and new
plantings. Perhaps more importantly, pruning decisions are en-
dogenous in that growers decide where and how much to prune
based on their unique understanding of each plot. Nonetheless,
there is clear evidence that growers with sustained participation
in the project, who tended to prune, saw yields increase over
time relative to growers that exited the project in the first few
years. Using a grower-fixed effects model, Barham and We-
ber (2012) show that by 2010 project participants had yields
roughly 50% higher than growers who exited early on. The
project’s success at improving grower yields helped to make
pruning a central part of the Peruvian National Coffee Board’s
strategy to improve productivity nationwide (Junta Nacional
del Café—Peru, 2011)

The 2010 survey asked growers if they knew who were the
first growers to prune in their locality (caserio), and if so, to
name a grower. Then, they were asked if they had visited the
parcel of the grower. Of the 236 growers surveyed, 81% said
that they had visited an early adopter while 73% gave the name
of the adopter. Four growers accounted for almost 40% of the
names given. Had the survey asked for more than one name, it
is possible that even more growers would have given the name
of one of the four early adopters.

The first adopter had a larger than normal coffee farm (over
seven hectares of coffee) and a baseline productivity almost
double that of the sample median, characteristics that would
have made him more likely to adopt and perhaps also more cred-
ible in the eyes of visiting growers. One of the other adopters of-
ten visited, however, had only two hectares of coffee and started
with extremely low yields. He may have adopted because the
contribution of coffee to his income had already dropped to
dismal levels, so he had little to lose. Furthermore, his success
with pruning may have been even more convincing than the
success of the earliest adopter who had a higher performing
farm even before the project. Though a fascinating area for re-

search, without more information or cross-sectional variation it
is impossible to identify the motivation for the earliest adopters
to adopt or how their characteristics affected their influence on
neighbors. Consequently, the next section focuses on evidence
that the initial prune in a group induced the adoption pattern
expected given the delayed revelation of information from a
pruned plant.

6. Who prunes? An empirical adoption model with
neighborhood dynamics

6.1. Model specification

Some learning and technology adoption work (Foster and
Rosenzweig, 1995; Cameron, 1999) has studied how planting
history, for example, affects the intensity of adoption. In the
time-frame of this study growers generally pruned the same area
each year as extension agents recommended: of the 52 growers
who pruned in 2007, 43 pruned the same amount in 2008. And
while the conceptual model allowed for individual learning,
once someone in the group has adopted, there is little incentive
for a grower to experiment on his own, given that the neighbor’s
earlier experiment will provide information sooner than his own
experiment. The empirics therefore focus on whether or not
growers who have not yet pruned begin to prune in response to
the maturation of plants pruned by early adopters.

Building on the conceptual model in Section 3, a grower
will prune if the expected present value of utility from pruning
exceeds that of not pruning. Supposing that a grower has not
pruned before, I use the binary variable s; defined in (9) to
indicate if a grower starts pruning in period 7.

L if Vi (air, ) = Vi1 (0,.) > 0
. C))

Sir = .
0 otherwise

I rewrite the difference in conditional value functions as a
parametric function D(.) which includes as arguments a vector
of variables related to y;, presented in Section 3. Let i, be a
vector of binary variables based on the years since the first prune
in the group. A grower enters the panel when at least one grower
in the group starts to prune’, and a grower-year observation falls
into one of six exhaustive and mutually exclusive states: the first
prune in the group occurs in the current year or the first prune
2ccurred one, two, three, four, or five years ago. Consequently,
Y;; includes binary variables for five of the six cases where, for
example, y;o equals one if the first prune in grower i’s group
occurred in the period in question, otherwise it equals zero. The
visit by Group 3 to Group 1 is included in the y;, variables by

5 The only caveat is for Group 1 where the project started working with two
communities early enough in 2005 for growers to prune in that year. Growers
outside of these communities started working with the project and were exposed
to the pruning practice for the 2006 coffee season but not for the 2005 season.
To capture this, growers in the two initial communities enter the panel in 2005
while the rest of growers in Group 1 enter in 2006.
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supposing that the visiting group has the same information as
the group being visited.

I write D(.) as a function of the ;; variables and other relevant
variables:

Vier1(sis, ) —
5

=D 0¥ +BWit+aKi+1+y|. (10)
=0

‘/iI‘Jrl(Os )

A time effect (t;) captures shocks like changes in prices
that affect all growers similarly and a grower specific effect
(y;) allows for unobserved grower hetereogeneity. To capture
time invariant characteristics that affect production, I include
in K; the farm’s yield (Kg/Ha) in the year prior to entering the
project and the farm’s elevation (thousands of meters above sea
level). In addition to capturing the quality of the plant stock,
yields can also reflect grower ability and management intensity
(e.g., fertilizer use). Elevation captures agro-climatic conditions
important for growing coffee.

In W; I include measures of household wealth, portfolio di-
versification, labor supply and the life cycle stage: Total Land,
Gross Income—Other Crops, Labor, and a linear and quadratic
term for Age (of the household head).® Labor is the number of
persons in the household ages 10 to 65—in essence, everyone
who could help with farm work. All variables other than the y;;
variables are from the baseline survey and are time invariant.

Having data on all growers who initially participated in the
project allows me to use the actual behavior of nearby growers
instead of what a grower reports about his neighbors. In a study
of network data from Kenya, Hogset and Barrett (2009) found
that farmers’ beliefs about their neighbors’ decisions were not
reliable, where reliability is the correlation between what a
farmer thinks his neighbor did and what his neighbor reported
doing. More importantly, a farmer’s error in predicting what
his neighbor did was correlated with the farmer’s behavior; a
farmer tends to report that his neighbors made decisions similar
to his. I avoid this problem by using a neighbor-related variable
that only depends on the timing of the first prune in the group,
which comes from the project’s pruning registry.

6.2. ldentification

A challenge in taking Eq. (10) to the data is that the ran-
dom variable u;,, which reflects expectations about the effects
of pruning, may respond to an unobservable group shock u;,
in addition to the J;, variables, which only vary at the group
level. For example, growers in the same group may prune more
because they received more guidance from project extension

% Education may also affect adoption. Years of schooling completed by the
household head is available for the 236 growers in the 2010 survey. Average
schooling for these growers is 7.1 years with a standard error of .28, implying
little variation in schooling. Furthermore, education is highly correlated with
age (younger household heads have more education) so the model’s age terms
will capture much of the variation in education.

agents. To separate the effect of the timing of the first prune in
the group from a group effect, I rewrite Eq. (5) from Section 3
as

wir = 1(5ir) + ;. (1D

I define the group shock as a function of the group adoption
rate and an idiosyncratic error term.

ﬁir = 91?4 + &, (12)

where the average group adoption rate is defined as g_; =
Zz;ﬁrslprune g—ir, with g_;; being the adoption rate for group
g at time ¢ (excluding the decision of grower i) and “t = first
prune” is the year when pruning started in the group.

Specifying an unobservable variable (i;,) as a function of
time averages of observable variables is a common approach in
panel data models. Papke and Wooldridge (2008) address en-
dogeneity in panel models by specifying the random effect as a
function of time averages of potentially endogenous variables, a
method known as the Mundlak-Chamberlain device (Mundlak,
1978; Chamberlain, 1982). Lewis et al. (2011) use an approach
similar to the one used here to study spatial spillovers in the
expansion of organic dairy farming.

In his 1993 seminal paper, Manski discusses the challenge of
identifying endogenous group effects (an individual’s behavior
moves with the group average) from contextual effects (an in-
dividual’s behavior varies with exogenous characteristics of the
group) and correlated effects (all individuals behave similarly
because they face a similar environment). Including the average
group adoption rate controls for time invariant group character-
istics that affect pruning decisions while year fixed effect terms
control for shocks that affect all groups similarly.

Conley and Udry (2010) also control for the effect of simi-
lar environmental conditions on the decisions of farmers in the
same proximity. Technologies vary in their sensitivity to local
conditions. Fertilizer use, which Conley and Udry study, is a
sensitive outcome to study because the marginal productivity of
fertilizer, and therefore the optimal use, can vary substantially
depending on weather and pest conditions. Although environ-
mental conditions clearly affect yields, the agronomic recom-
mendation to prune older plants is not conditional on rainfall,
pests, or other shocks. Nonetheless, there is still a concern that
the error in Eq. (12) is correlated with the y;, variables. The
advantage of the present case is that the maturation of pruned
trees implies a distinct adoption pattern if social learning is
important. Aside from the signal sent by a neighbor’s actions,
nothing about the effect of pruning is learned from viewing
a recently pruned plant; an effect of ;o on pruning possibly
captures a mixture of imitation, the presence of pioneers, and
group specific shocks. Little is learned from viewing a one-year
old prune, so ;o should have little effect on the adoption deci-
sions of growers who have not already adopted. Because plants
fully recover in the second year, access to a two-year old prune,
captured by V;,, should encourage adoption, especially relative
to access to a one-year-old prune.
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Finding a strong increase in adoption in Year 2 relative to
Year 1 identifies social learning if there is no unobservable
shock that follows a similar pattern. To imitate social learning,
correlated unobservable variables would have to motivate some
growers to prune initially, have little effect in the following year,
and then reappear to motivate more pruning in the year after
that. Identifying social learning in this case, therefore, only
requires that unobservable shocks cause a different adoption
pattern than the one expected given the a priori knowledge
about the information revealed by a pruned plant.

Because the decision modeled is that of pruning for the first
time, a grower leaves the sample once having pruned. One
may ask how conditioning on not having pruned previously af-
fects the interpretation of estimation results. Brock and Durlauf
(2010) discuss the observable effects of social influences un-
der various assumptions. One of their key assumptions is that
lower ability agents adopt later when a greater percentage of
the group has already adopted. Applying the assumption to
the present case, suppose that higher ability growers are more
likely to adopt at any given time because they can earn higher
profits from pruning. As higher ability growers adopt and leave
the sample, the remaining low ability growers would be less re-
sponsive to new information, which means that the effects of the
maturation of neighbors’ prunes on growers who have not yet
adopted would be weaker than for the entire sample. Alterna-
tively, lower-ability growers may have less private information
and be more responsive to information from peers.

6.3. Estimation

Assuming that g;, is an i.i.d. normally distributed random
variable with a mean zero and standard deviation o,, the prob-
ability of pruning for the first time is

t—1
Pr (Sit == 1|5)‘if7 v‘/l'aKl'agfhffa )/i, Zail' =0)

=0

5
=@ | 05 +BWitaKi+0g  +1+y |, (13
j=0

where ®(.) is the standard normal cumulative distribution func-
tion. I treat the grower specific effect y; as an i.i.d. normal
random effect with mean zero and standard deviation o,,. Mod-
eling grower heterogeneity as a random effect allows growers
who adopt at the first opportunity and growers who never adopt
to contribute to identification of parameter estimates. As a ro-
bustness check, I later treat y; as a fixed effect in a linear model.

Equation (13) is then estimated as a Random Effects Pro-
bit model using Maximum Likelihood and the Gauss-Hermite
quadrature method. [ use a likelihood ratio test for the restriction
that o, equals zero, which I fail to reject at the 10% confidence
level. I therefore exclude the grower specific random effect in
estimation.

The average group adoption rate (g_;) captures correlation
in decisions between growers in the same group. To be clear,

a nonadopter and an adopter in the same group will have dif-
ferent, though highly correlated values for g_;. Because the y;,
variables exhaust all possible cases, the variable corresponding
to Year 1 (7;1) is omitted. For all results, I calculate robust stan-
dard errors clustered by grower to account for correlation in
errors across years. Because information is assumed to be cor-
related among growers in the same district, it is also sensible
to cluster standard errors at the district level; doing so gives the
same qualitative results.

I check the estimates from the base model (model 1) in four
ways. The first three checks (models 2—4) assume the form
of social learning in the base model—that what matters for
adoption is when the grower gains access to a two-year old
prune of an early adopter. The first check (model 2) tests if
the results are sensitive to the assumption about ¢;, by assuming
that it has a logistic instead of a normal distribution. The second
check drops the grower-year observations where information
on pruning does not exist, and it was assumed that the grower
did not prune. In the third check (model 4) I estimate a linear
probability model with grower fixed effects.

In contrast to the first three checks, the fourth check (model
5) assumes a social learning model where the accumulated ex-
perience of others in a grower’s group matters, not the timing
of the first prune in the group. Foster and Rosenzweig (1995)
illustrate this common approach to social learning; to identify
the effect of learning from others, they use the average lagged
cumulative sum of hectares cultivated under high yielding seed
varieties (the technology in question) of farmers in the village.
Taking a similar approach, I replace the discrete year variables
indicating the time since initial adoption with the lagged cumu-
lative adoption rate of the group. If what matters for adoption
is access to a two-year old prune, then the lagged accumu-
lated group experience will likely be negatively correlated with
adoption. After the initial wave of adoption in Year 0, few grow-
ers adopt in Year 1 since there is little additional information
revealed, causing a negative relationship between adoption in
Year 0 and new adoption in Year 1. Furthermore, there will
likely be a negative relationship between cumulative adoption
in Year 1, which will be low because of little addition adoption
in that year, and adoption in Year 2, which will be high if access
to a two-year old prune is important.

7. Results and discussion

Tables 3 and 4 presents the marginal effects calculated at the
means for continuous variables and for a discrete change in the
binary variables in Y;,.

7.1. Temporal patterns in adoption

The marginal effects for the y;, variables in model 1 sug-
gest that growers are marginally less likely to adopt in Year
1, the excluded year, than in Year 0, defined as the year when
someone in the group starts to prune. This is consistent with the
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Table 3
Marginal effects for models 1 through 4 (Dependent variable: indicator if
pruned)

Table 4
Marginal effects for model 5 — an alternative model of social learning
(Dependent variable: indicator if pruned)

Variable Base (1) Logistic Dropping Linear
2) missing fixed
Obs. (3) effects (4)
Year 0 0.084 0.064 0.124* 0.13%%*
(0.064) (0.055) (0.070) (0.05)
Year 2 0.1827%** 0.150%** 0.229*** 0.37%%*
(0.035) (0.035) (0.040) 0.04)
Year 3 0.003 0.004 —0.001 0.20%%*
(0.044) (0.037) (0.048) 0.03)
Year 4 0.1597*** 0.141%* 0.149** 0.33%%*
(0.055) (0.049) (0.063) (0.05)
Year 5 0.247% 0.204*** 0.212** 0.447*
(0.076) (0.065) (0.087) (0.06)
Calendar Year 2005 —0.071 —0.089 —0.198* —0.15%*
(0.095) (0.089) (0.102) (0.05)
Calendar Year 2006 0.142* 0.113* 0.068 0.18%*
(0.076) (0.064) (0.086) (0.05)
Calendar Year 2007 0.092 0.074 —0.009 —0.00
(0.065) (0.057) (0.076) (0.04)
Calendar Year 2008 0.177* 0.145%** 0.108 0.12%*
(0.061) (0.054) (0.073) (0.03)
Calendar year 2009 0.058 0.038 0.023 0.03
(0.051) (0.047) (0.061) (0.03)
Average Group 0.114 0.005 0.270
Adoption (0.153) (0.148) (0.171)
Total land 0.002* 0.002* 0.003**
(0.001) (0.001) (0.001)
Gross income— 0.001* 0.001** 0.001
other crops (0.001) (0.001) (0.001)
(/1000)
Yield (/1000) 0.018*** 0.014%%* 0.020**
(0.007) (0.005) (0.008)
Elevation (/1000) 0.088 0.081 0.103
(0.067) (0.055) (0.078)
Labor 0.000 —0.002 0.002
(0.004) (0.003) (0.005)
Age —0.002 —0.001 —0.001
(0.004) (0.003) (0.004)
Age squared (/100) 0.002 0.001 0.001
(0.004) (0.003) (0.005)
Observations 1,300 1,300 1,134 1,336
Growers 307 307 307 315
Pseudo R? 0.194 0.197 0.237 0.228%
P-value fo Ho: 0.084 0.078 0.095 0.000

Year 0 = Year 2

P < 0.01, P < 0.05, *P < 0.1 Robust covariance matrix clustered at
the grower level is calculated. Standard errors for the marginal effects (in
parenthesis) are then calculated using the delta method.

2 Adjusted R.

understanding that little can be learned by observing a plant
pruned a year ago. But the next year (Year 2), when growers
have access to a two-year-old prune, adoption expands. Models
2 and 3 give results similar to model 1: there is more adop-
tion in Year O than in Year 1. But the next year, when growers
have access to a two-year old prune, there is an expansion of
adoption that is not observed from Year 2 to Year 3. The linear
fixed effects model (model 4), which does not require distribu-
tional assumptions about ¢;; or a lack of correlation between

Variable Model 5
Lagged Cumulative Adoption Rate —0.625**
(0.113)
Calendar Year 2005 —0.477***
(0.058)
Calendar Year 2006 —0.329%**
(0.057)
Calendar Year 2007 —0.162***
(0.047)
Calendar Year 2008 —0.134%**
(0.039)
Calendar Year 2009 —0.075%**
(0.029)
Average Group Adoption 0.406%**
(0.138)
Total Land 0.001
(0.001)
Gross Income from Other Crops (/1000) 0.003
(0.002)
Yield (/1000) 0.032**
(0.013)
Elevation (/1000) 0.064
(0.073)
Labor 0.003
(0.005)
Age —0.003
(0.004)
Age squared (/100) 0.005
(0.004)
Observations 1,188
Growers 301
Pseudo R? 0.181

P < 0.01, *P < 0.05, *P < 0.1. Robust covariance matrix clustered at
the grower level is calculated. Standard errors for the marginal effects (in
parenthesis) are then calculated using the delta method.

the covariates and the grower specific term to estimate consis-
tent coefficients, yields results qualitatively similar to models 1
through 3. The marginal effects from models 1 through 4 imply
that a grower has a 0.15 to 0.37 higher probability of starting
to prune in Year 2 relative to Year 1. The estimated learning
effect is similar in size to Conley and Udry’s (2010) estimate of
the effect of observing neighbors having lower than expected
profits: they find that a one standard deviation in a farmer’s
observation of bad news (from neighbors) at a previously used
fertilizer level increased the probability that the farmer would
change his fertilizer use by 0.15.

Compared to models 1 and 2, models 3 and 4 show stronger
evidence that adoption is more likely in the year of the first
pruning in the group than in the following year, though they
also show a greater coefficient on Year 2 such that the differ-
ence between coefficients for Year 0 and Year 2 are similar in
model 1 and model 3. In all four models, testing for equality of
coefficients reveals that at the 10% level the effect in Year 2 is
statistically different from and greater than the effect in Year 0.

For correlated unobservable variables to cause the adoption
pattern observed in the first three years, a shock must induce
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more growers to prune initially, disappear in the intervening
year and then reappear in the following year. Such a shock
seems unlikely, especially because the unique revelation of in-
formation from pruning provides a strong a priori reason to
expect the jump in adoption from Year 1 to Year 2 found in
all models. Furthermore, the jump in adoption in Year 2 oc-
curs even after controlling for the calendar year, which captures
price and weather shocks that could cause adoption to rise or
fall in a given year.

The estimated coefficients on Years 3, 4, and 5 imply that
adoption slows in Year 3 but then may increase again in Years 4
and 5. As pruned plants from earlier waves of adoptions mature,
growers who still have not pruned would have more plants to
observe and would have to travel less to observe them. However,
it is best to take estimates for the later years with caution since
they are based on fewer observations than earlier years: for Year
3, 4, and 5 the number of observations is 207, 180, and 120.”
Furthermore, bias from poor recall data in 2009 and possibly
better reporting for the 2010 year will primarily affect later
years (recall that 93% of growers had already had access to a
two-year old prune by 2009 when only recall data are used).

A pertinent question is whether the data also support an alter-
native model of social learning where the group’s accumulated
experience in pruning matters most for adoption. I replace the
discrete year variables indicating the time since initial adop-
tion with the lagged cumulative adoption rate of the group. A
positive relationship between cumulative group adoption and
an individual’s behavior is often interpreted as evidence of so-
cial learning. In the previous section I noted why the lagged
recovery of a pruned plant could induce a negative correlation
between cumulative group adoption and an individual grower’s
adoption. This appears to be the case, with the marginal effect
of the lagged cumulative adoption rate being negative, quite
large, and statistically different from zero (Table 4).

7.2. Wealth and liquidity

The results for the control variables from the baseline sug-
gest that wealth, liquidity, and perhaps ability affect adoption,
though the estimated marginal effects are small. Increasing total
land by a hectare increases the probability of adopting in any
given year by 0.002. Gross Income — Other Crops is significant
in models 1 and 2, which is consistent with comments by project
extension agents stressing the value to small-scale growers of
a consistent cash flow from selling bananas and avocados, and
that growers feared that pruning would initially depress produc-
tion. The effect, however, is modest, with the largest estimate
implying that each thousand dollars in extra gross income from
other crops increases the probability of pruning by 0.001.

Because the liquidity variables reflect conditions before the
project, there can be no reverse causality (e.g., growers who
expect to prune plant banana and avocado trees). That said, the

7 The decrease in grower-year observations is from adopters dropping out and
because not all the groups reached years four and five in the study period.

variables may be correlated with unobservable characteristics.
For example, risk-averse growers may have more banana and
avocado trees and therefore higher gross income from other
Ccrops.

Growers with a higher yield at the beginning of the project
were more likely to prune—according to model 1, increasing
yields by 50% of the median baseline yield increases the prob-
ability of pruning by 0.0045. The positive correlation indicates
that productivity reflects more than the opportunity cost of prun-
ing. It may also capture liquidity constraints since high yields
from previous years could mean more cash for the present year.
But like other wealth variables, initial yields are likely cor-
related with unobservable characteristics such as management
ability or intensity. One would expect growers who more in-
tensely managed their coffee plants before the project to adopt
practices that further increase intensity.

8. Conclusion

Coffee growing has in some times and places in Latin Amer-
ica fostered and sustained a rural middle class—a noteworthy
association in a region plagued by poverty and inequality. Re-
cent research on the incomes that small holders earn from coffee
show that the effect of yields (coffee produced per hectare) on
income can dominate that of higher prices earned by selling to
certified markets like Fair Trade and organic (Barham et al.,
2011; Barham and Weber, 2012).

This study shows how a major source of variation in produc-
tivity, the systematic pruning of coffee plants, spread among
growers in central Peru. The strong increase in adoption when
the first pruned plants in a group recovered provides evidence
for the social nature of technology diffusion. The findings also
show differences in household willingness to incur the short
run costs associated with long run yield and income gains. With
incomplete rural credit markets, households with small and un-
diversified portfolios may find themselves earning less and less
as they postpone pruning or replanting. Being surrounded by
other low-income growers who passively manage their farms
(no pruning, for example) can decrease the likelihood that any
one grower adopts a different, more intensive management sys-
tem. And if no one innovates, growers cannot learn from each
other to improve yields and incomes.

Despite the evidence that seeing is believing, a caution on the
use of demonstration plots in agricultural extension programs
is needed. Growers in the area tended to view demonstration
plots with skepticism, doubting whether they can achieve sim-
ilar results on their own. Having a neighbor who successfully
implements a practice is more convincing. The empirical re-
sults suggest that the most expedient approach to speed diffu-
sion may be to reward several centrally located members for
experimenting with a method. Cash incentives, however, may
be insufficient to ensure appropriate and continued application
of a technology. In such cases, gaining credibility with poten-
tial early adopters may play a more important role, which was
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clearly the case for the project studied, which did not use cash
incentives but instead established a consistent presence in the
communities of participating growers. This suggests that the
social capital of organizations diffusing technology may matter
alot.

Although growers may have to see actual results before
adopting, second and third-party diffusion of information
through conversation, the radio, or extension bulletins like the
one produced by the Peruvian National Coffee Board (Junta Na-
cional del Café—Peru, 2011) raise awareness about new prac-
tices even though they may be insufficient to convince grow-
ers of their effectiveness. Growers may then want to visit early
adopters to see the results for themselves as has happened in the
most accessible community of the project, which has received
visits from extension agents and coffee growers from around
Peru. Thus, one can easily imagine how traditional forms of ac-
quiring knowledge such as extension workshops complement
social learning by motivating farmers to visit peers.

Policy makers have limited or no control over differences in
yields that stem from prices, land endowments, and weather.
Governments and NGOs, however, can affect how rural house-
holds produce. Given the reported effect of pruning on yields,
it is surprising that the practice did not previously enter Peru
from Costa Rica or Colombia where versions of it are com-
mon practice. It took two private companies paying agricultural
extension agents to start the diffusion of systematic pruning in
central Peru. Now the practice has spread to growers in northern
Peru who work with a branch of the NGO that implemented the
project in central Peru and, as mentioned earlier, it forms part of
a national strategy to renovate plantations and improve yields.
One of the higher return policy interventions for alleviating ru-
ral poverty may be fomenting innovation in the sectors where
the poor derive their livelihoods. The case of systematic prun-
ing in central Peru provides an example where private actors
successfully undertook such an intervention.
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